Background. In response to demand for fast and efficient clinical testing, the use of point-of-care testing (POCT) has become increasingly common in the United States. However, studies of POCT implementation have found that adopting POCT may not always be advantageous relative to centralized laboratory testing. Methods. We construct a simulation model of patient flow in an outpatient care setting to evaluate tradeoffs involved in POCT implementation across multiple dimensions, comparing measures of patient outcomes in varying clinical scenarios, testing regimes, and patient conditions. Results. We find that POCT can significantly reduce clinical time for patients, as compared to traditional testing regimes, in settings where clinic and central testing areas are far apart. However, as distance from clinic to central testing area decreased, POCT advantage over central laboratory testing also decreased, in terms of time in the clinical system and estimated subsequent productivity loss. For example, testing for pneumonia resulted in an estimated average of 27.80 (central lab) versus 15.50 (POCT) total lost productive hours in a rural scenario, and an average of 14.92 (central lab) versus 15.50 (POCT) hours in a hospital-based scenario. Conclusions. Our results show that POCT can effectively reduce the average time a patient spends in the system for varying condition profiles and clinical scenarios. However, the number of total lost productive hours, a more holistic measure, is greatly affected by testing quality, where POCT often is at a disadvantage. Thus, it is important to consider factors such as clinical setting, target condition, testing costs, and test quality when selecting appropriate testing regime.
relatively low percentage of the average hospital budget (approximately 4%), it is estimated to influence nearly two thirds of hospital activities and their associated costs. 3 This is through testing's role in making diagnoses, influencing patient flow, and affecting patient outcomes. 3 Thus, improving testing procedures may have significant downstream effects on the health care delivery system as a whole. However, at present, POCT may not necessarily be advantageous in all clinical settings. A recent study involving six hospitals in the United Kingdom found that the effects of POCT on patient outcomes and test costs related to myocardial infarction varied significantly between hospitals, in some increasing the number of successful discharges and in some the opposite. 4 The costs and benefits of POCT may vary significantly depending on the specifics of the clinical setting and target condition. Therefore, there exists a need for frameworks to quantify and evaluate the tradeoffs involved in adopting different testing regimes in varying clinical settings. In any given scenario, the costs and benefits of adopting POCT should be compared to the major alternative options, both involving processing of samples at a specialized laboratory facility: central lab testing and point-of-care sample acquisition (POCA). In central lab testing, patients physically travel to a central lab to take tests, where the samples can be directly collected and analyzed. After analysis, the test results are sent back to the clinic. In POCA, samples are acquired at the point of care and sent to the central lab for processing. This regime does not require the patient to physically travel to the central lab. Past studies on POCT have tried to identify and capture one or more dimensions of POCT that affect the health care delivery system, including test cost, test efficiency, test accuracy, and success of treatment. Compared to testing regimes involving the use of a central lab, the main advantage of POCT is shortening or eliminating steps in the testing process. 5 Specifically, patients or samples do not need to be transported to an external laboratory for testing. Additionally, patients or test results do not need to be returned from the external laboratory. Thus, total turnaround time for test results can be significantly reduced. This may lead to further operational benefits; for example, in a hospital-based randomized trial, Renaud et al. found that POCT was associated with an approximately 45 minute decrease in time to anti-ischemic therapy for acute coronary syndrome. 6 On the other hand, some researchers note that the POCT process might be particularly prone to errors throughout the testing process. 7 Nichols et al. argued that systematic changes in patient management may be required for implementation of POCT to be beneficial in a cardiology/radiology setting. 8 Errors in POCT may be due to limited resources or lack of domain knowledge of POCT among clinical practitioners, who may be less experienced in quality control and quality assurance practices than laboratory personnel. 1 O'Kane et al. suggested that quality error rates associated with POCT are also considerably higher than those associated with central lab testing. 9 For example, in blood gas analysis, the most common error in POCT occurs as a consequence of onsite operators being unwilling to perform minor maintenance. This is usually not an issue in central lab settings with robust quality control systems. 9 Even with adequate training, the short turnaround time in POCT can increase the risk of misdiagnosis if the results of testing contain errors. In contrast, the relatively longer time interval between result generation and report release in central lab or POCA testing may allow more opportunities for error detection. In addition, as central lab/POCA testing is often able to take advantage of economies of scale, cost per test is often higher in POCT. 3, 10 For example, LeeLewandrowski et al. estimated an average POCT unit test cost for creatinine testing to be $10.06 in their clinic, compared to $5.32 for the estimated unit cost of a central laboratory test.
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Computer simulation is one method of modeling strategic health care delivery decisions 12 and predicting their outcomes. Previous studies on health care simulation have focused on patient scheduling, 13, 14 staff scheduling, 15 and resource allocation. 16, 17 Computer simulation focused on evaluating testing practices is more limited in the literature. Storrow et al. simulated an emergency department and quantified improvements in patient throughput and outcomes as lab turnaround time decreased from 120 to 10 minutes (modeling, e.g., the introduction of point of care testing). 18 Powell et al. also simulated emergency department patient flow and found that employing POCT in some proportion of the patients significantly decreased average length of stay in the emergency department. 19 However, neither of these studies attempted to quantify the tradeoffs between POCT turnaround time, test cost, and test quality characteristics; nor did they explore such tradeoffs in varying clinical settings. In this article, we attempt to address this gap using a simulation framework, building on these prior simulation studies and the empirical literature on POCT.
POCT has great potential to reduce the total amount of testing time required in a clinical setting. However, the potential test quality and cost characteristics of POCT mean that its introduction must be evaluated based on the particulars of the health care setting in which it will be used. As Nichols et al 8 argue, POCT alone cannot guarantee improved patient outcomes. Because of this, it is important to explore and understand the impact of different testing regimes on patient throughput and outcomes in different clinical scenarios. To our knowledge, this is the first study to use a simulation-based framework to evaluate the clinical tradeoffs between POCT, POCA, and central lab testing in terms of both turnaround time and test quality, in settings that range from rural clinics to urban hospitals.
Methods
We developed a simulation model of a primary care clinic, adapted from Stahl et al., 20 that models the activities of patients from their first arrival at the clinic to discharge from the clinical system, and monitors subsequent health outcomes of each patient resulting from the diagnosis and treatment received within the clinic. The portion of the model that mimics the testing process simulates five subprocesses: patient transportation, sample collection, sample transportation, sample processing, and result delivery. The model aims to identify and assess the costs and benefits of different testing regimes as perceived by providers, by patients, and by society. The health care delivery system costs include the time patients spend in the clinic and the resources they use. Costs to patients and society additionally must take into account the effectiveness of any diagnoses and treatment received at the clinic as a result of the testing. We measure this as the number of productive hours lost by patients subsequent to their discharge from the clinic, modeled as a (generally) stochastic function of their condition and treatment received, which in turn is a function of test accuracy. The more accurate the test, the more likely an effective match of treatment to condition is. We also examine the monetary considerations associated with both the tests themselves, treatments, and with the distribution of patient outcomes. Overall societal costs are then evaluated by a combined monetary measure of total productive hours lost per patient, including both time spent in the clinical system and any subsequent productive hours lost to the condition being tested for in the clinic, as well as treatment and testing costs.
Testing Strategies
We consider three different testing regimes: 1) central lab testing, where patients physically travel to a central lab for sample collection and processing; 2) POCA, where samples are acquired at the site of patient care and sent to the central lab; and 3) POCT, where diagnostic testing is performed and evaluated at the site of patient care so that neither patient travel time nor sample transportation time is involved.
Clinical Scenarios
We use community-acquired pneumonia as our primary exemplar condition where POCT might be deployed. In Appendix A, in order to examine the variations in system output in response to conditions of varying urgency, we subsequently run our model on three other conditions with differing characteristics: opiate addiction, chlamydia (a sexually transmitted disease), and cholesterol (a marker for cardiovascular risk). Conditions were chosen because of their relatively high volume in the outpatient setting.
Community-acquired pneumonia is a life-threatening disease 21 with a 30-day mortality rate between 4% and 11%. In central lab testing, the time required to identify the causative pathogen is often relatively long (compared to POCT), due to the longer transportation times between the clinic and the laboratory, and the rigorous nucleic acid amplification and culture techniques used in central labs. Typically, this process may take several days. 22 In order to examine the potential of different testing regimes to improve this performance, we model the use of POCT in a patient population exhibiting varying indicators that may be related to the target condition. We examine tradeoffs between testing regimes in three different primary care clinical scenarios: Rural, Community, and Hospital-based. The Community and Rural scenarios refer to freestanding health care clinics at some distance from the hospital where the central lab is assumed to be located. Compared to the Community scenario, Rural clinics are often far away from the central lab. At the other extreme, the Hospital-based scenario models the case where the place patients receive treatment is very close to the location of central laboratory sample analysis, as in the case where the primary care clinic is located within a hospital. Community clinics thus represent an intermediate in terms of distance from the central laboratory.
Overview of the Model
Due to the complexity of a clinic's operations, we adopted the discrete event simulation approach and developed a primary care patient flow model using Arena (version 15.0) 23 simulation software (developed by Rockwell Automation). The primary care processes from patient arrival at the clinic to discharge from the clinical system, as well as any lingering effects of the target condition, are simulated for a stream of generated patients. Limits on available providers and testing resources mean that delays can be generated or propagated by the buildup of queues at various points in the system. A visual overview of this simulation model is shown in Within the Lab Work Module, patients may follow different pathways depending on the testing regime. Figure  2 shows the details of the workflows of these three testing regimes.
Patient Types
In each scenario, patients arrive showing one of three levels of condition indicator severity. Patients in each level of indicator severity are divided into two groups: patients carrying the target condition and patients not carrying the target condition. Patients with higher indicator severity are more likely to be carrying the target condition than patients with lower indicator severity. In addition, patients with higher indicator severity are more likely to be tested for that target condition by clinicians. In other words, indicator severity is meant to be an abstract representation of characteristics of a patient associated with having a certain condition, some of which are detectable by clinical examination and judgement. These might include physical indicators available prior to testing, patient history, or family background, depending on the condition. According to standard classification for pneumonia patients' severity, we identify three distinct indicator severity classes of patients based on the potential mortality risk should those indicators be associated with a true case of the target condition. Thus, in the case of pneumonia, severity levels 1, 2, and 3 correspond to increasing severity of indicators (irrespective of whether the patient has the underlying target condition). As noted above, patients of different severity levels have differing probabilities of having the underlying target condition and of being tested for that condition. New patients are assigned slightly longer expected exam times than established patients, reflecting increased efficiency associated with familiarity.
Outcome Measures
We chose several patient outcome measures to evaluate testing regimes: average time in the clinical system, average number of subsequent sick days, average total lost productive hours, and average test cost per patient. Averages are computed on a per patient basis from 120 replications of an entire year of a clinic's operations (see Appendix B.2 for details).
Average time in the clinical system: This metric captures the average time (in hours) a patient spends within the clinical system, from arrival at the clinic to discharge from the clinical system. It does not include transportation to the clinic before arrival but does include any transportation time from the clinic to laboratory locations and back. Thus, it is meant to capture average patient time expended seeking care. Average number of subsequent sick days: This metric measures the number of days (subsequent to discharge from the clinical system) that a patient is not able to be productive as a result of condition associated with their clinic visit(s). Each patient is assigned sick days according to the distributions in Table 6 . This metric is thus meant to capture productivity costs as a result of patient health outcomes. Average total lost productive hours: This metric measures the estimated total number of productive hours a patient loses as a result of their visit(s) to the clinic and any sick days subsequent to discharge from the clinical system as a result of the condition associated with their clinic visit(s). It is calculated as the average number of hours the patient spends in the clinical system plus 8 hours for every subsequent day lost due to their condition. Average test cost per patient: This metric measures the average cost per patient of all tests that the patient receives. Depending on indicator severity and condition, a patient can receive a combination of different tests, so average test cost can vary from patient to patient, even within the same testing regime.
Simulation Model Default Inputs
In the context of our model, we refer to Rural, Community, and Hospital-based settings as clinical Figure 2 The workflow of the three testing regimes under consideration.
scenarios, and POCA, POCT, and central lab testing as testing regimes. Time costs and monetary costs are evaluated for each of these clinical scenarios and for each of these testing regimes by simulating clinic operations over the course of a year. The 120-year-long (1 work year = 240 eight-hour work-days) replications of the simulation model, each simulating clinic operations over the course of the year, were run for each combination of clinical scenario and testing regime. Then, averages of the outcomes across the 120 replications are calculated and reported. Our simulation runs require a number of input parameters, including the time spent on each subprocess, patient arrival rates, probabilities of events in the clinic (e.g., referral of a patient to the emergency department), and the time costs of various operations (e.g., the time costs of filling out the paperwork), and so on. Many of these parameters (shown in Tables 1 to 8) are specified by the distributions for these clinic characteristics and based, wherever possible, on direct observation, expert knowledge, or the health care delivery literature.
The times spent on each combination of testing regime (POCA, POCT, or central lab) and clinical scenario (Rural, Community, or Hospital-based) are documented in Tables 1, 2 , and 3. In these tables, 1 work-day is assumed to be 8 hours long. In Tables 1, 2 POCA, point-of-care sample acquisition; POCT, point-of-care testing. discrete distribution where outcome b 1 occurs with probability a 1 , outcome b 2 occurs with probability a 2 , and so on. Table 4 enumerates the most important default input parameter values that are identical across the four target conditions that we test in this article. Table 4 shows the 24 and a series of studies on real-time location systems (RTLS) in health care delivery. [25] [26] [27] Further discussion of arrival rate modeling considerations is provided in Appendix B.1. In general, triangular distributions are used for stochastic model inputs for which data for parametric fitting of distributions was not available, an approach commonly used in simulation studies, 28 allowing for both ease of elicitation from experts and intuitive presentation. In Appendix B.3, we replace triangular distributions with (arguably more realistic) PERT distributions, which do not substantially alter our conclusions. As shown in Table 4 , indicator severity positively correlates with both the probability of having the target condition and the probability of being tested. Patients of Severity 3 are automatically treated (following testing) with a probability given in Table 4 , because it is assumed that a combination of clinical judgement and the urgency of their indicators necessitates treatment. Tables 5 and 6 enumerate test characteristics and target condition characteristics, respectively, both for pneumonia and for the additional target conditions used in the sensitivity analysis in Appendix A. Test sensitivities and specificities shown in Table 5 characterize the differences in test quality between testing regimes. We analyze the robustness of our simulation results to these input parameters in our simulation of pneumonia testing. Quantitative estimates of sensitivity and specificity in various scenarios were derived from expert knowledge and assessment. In general, POCT tests are assigned worse values of default sensitivity and specificity than those assigned to central lab and POCA testing regimes. Patients who test positive for the target condition receive treatment for that condition and those who test negative do not receive treatment for that condition (or any treatment that affects the number of days they are unable to be productive after discharge from the clinical system). The number of subsequent sick days varies based on both presence of the target condition and treatment, as shown in Table 6 . Therefore, test characteristics (sensitivity and specificity) affect average patient outcomes (in particular, subsequent sick days and thus total lost productive hours). Note that treatment is assumed to have no effect on the number of subsequent sick days if the patient does not have the target condition. We also did not include any potential harm resulting from treating a patient in the well state. Discrete distributions are used for situations where there is a significant probability of no subsequent work days being lost.
Default test costs follow a specific structure as outlined in Tables 7 and 8 . Default costs for urine tests, blood tests, 29 and X-rays are given in Table 7 , for each testing regime. Consistent with observations in the literature, 3, 10, 11 individual POCT tests are given higher costs than other testing regimes. In addition, Table 8 displays the probabilities of receiving blood tests, X-ray tests, or a combination of these three tests, with respect to indicator severity, in the case of pneumonia, because different testing mechanisms, or combinations thereof, can be used in the detection of this condition. 30 In this case, sensitivity and specificity represent aggregate measures of diagnostic quality. Per-patient treatment costs for pneumonia and alternative conditions used in sensitivity analysis in Appendix A, [31] [32] [33] [34] estimated as annual costs for prescribed medications, are given in Table 5 .
The funding sources for this study provided support for research personnel and simulation software.
Results

Pneumonia Simulation Outcomes With Default Parameters
In this section, we present default simulation results when testing for pneumonia, summarized in Table 9 .
As shown in Table 9 , section A, average time in the system per patient is similar under the POCT regime across clinical scenarios, as is expected, because neither patients nor samples leave the clinic. For POCA and central lab testing, time spent in the system in the Hospitalbased scenario is much smaller than that in the Community scenario, and time spent in the system in the Community scenario is in turn much smaller than that in the Rural scenario. This is because of the corresponding variation in transportation time to the central lab necessary in each of these respective scenarios. On the dimension of time spent in the system alone, patients do much better with POCT in Rural and Community scenarios. For Hospital-based scenarios, times are comparable across regimes. As default sick day settings were identical between Rural, Community, and Hospital-based scenarios, average number of subsequent sick days per patient displayed in Table 9 , section B, are the same across all three clinical scenarios. When we compare testing regimes, we can see that due to higher test quality, POCA and central lab have fewer subsequent sick days than POCT. Table 9 , section C, displays the total lost productive hours per patient, which is a (weighted) combination of the values in sections A and B, that is, Time in Clinical System + 8*(Subsequent Sick Days). For Rural and Community clinical scenarios, POCT is the best testing regime on this dimension. In the Hospital-based scenario, the results of the three testing regimes are similar to each other on this dimension. In summary, we can see that POCT has a large advantage in total lost productive hours in the Rural and Community scenarios because of the large transportation time to a central lab. In these two clinical scenarios, gains from reduced transportation time outweigh losses as a result of lower test quality. However, these advantages are not clear in the Hospitalbased scenario, where advantages in test quality compensate for the deficiencies in result turnaround times for the POCA and central lab testing regimes. Table 9 , section D, displays the average cost per tested patient, in terms of the usage of the direct testing resources. As expected, per-patient costs for POCT are higher than the per-patient costs for other testing regimes across the board. As noted by Lee-Lewandrowski and Lewandrowski, 3 assessing the full costs of testing regime decisions for various stakeholders is much more challenging than simply assessing the direct unit costs of administering different types of tests. One approach to moving beyond these unit costs is to look at total lost productive hours in monetary terms, such that they may be compared and added to the direct unit costs of testing to estimate patients' total actual costs. As a simple but crude estimate, we can take the pre-tax average hourly earnings of American workers plus fringe benefits (approximately $36 per hour in 2018 35 ) as a typical societal cost of a lost hour of work, and the value of a lost hour of leisure as Time spent seeking and receiving care is typically assumed to come from leisure time, 36 so we apply a value of $36 minus 9.2% (the estimated effective individual tax rate in the United States in 2014) 37 per hour to average time spent in the system, or $32.69. We can thus estimate total ''societal'' costs (sans treatment costs) by multiplying the values in Table 9 , section A, by $32.69, the values in section B (multiplied by 8) by $36, and then adding these both of these values to the test costs per tested patient in section D scaled by the ratio of tested patients to total patients discharged from the clinic (this ratio ranged from 0.75 to 0.76).
Finally, we consider costs of treatment. These arise in two testing situations: true positive and false positive testing results. These can be estimated on a per-patient basis by calculating the proportions of true and false positives among all patients checking out, multiplying these proportions by the unit cost of treatment ($61 for pneumonia, as noted in Table 5 ), and finally adding the per-patient true positive and false positive treatment costs. The resulting average total treatment costs per patient, as well as true and false positive calculations, are shown in Table 10 for the Rural scenario (unsurprisingly, numbers for other scenarios are very similar). As expected, POCT has a higher proportion of, and thus higher cost due to, false positives relative to central lab testing and POCA because of its lower specificity-these costs can be considered unnecessary expenditures owing to test quality. On the other hand, lower POCT sensitivity means that true positive treatment costs are lower as well. The resulting total treatment costs are similar between the three testing regimes, and the costs of treatment relative to other expenses in the case of pneumonia are relatively minor. These total treatment costs (shown in the final column of Table 10 for the Rural scenario) are added to the societal costs sans treatment costs calculated above, and the results of this combination are presented as total societal costs in Table 9 , section E.
While this total societal cost estimation does not change the ordering found in the costs of Table 9 , section C, by much (with the exception of POCA and Central lab costs in the Hospital-based scenario), the relative advantages of POCT decrease across the board. This is particularly apparent when examining the relative advantages of POCT in the Hospital-based scenario-it is easy to imagine that with different assumptions about the costs of a lost hour of productivity (work or leisure), expected number of sick days after discharge, and direct costs of testing, total costs evaluated in this way might give POCA or central lab testing an edge in some scenarios. Figure 3 illustrates an example of this point by varying the estimated hourly wage rate + fringe benefits: increasing cost of labor can significantly increase advantages of the testing regime that minimizes hours lost.
Sensitivity Analysis on Pneumonia Input Parameters
The simulation results for pneumonia presented thus far are based on the default values for sensitivities and specificities as listed in Table 5 , most of which were estimated based on expert knowledge. POCT's sensitivity and specificity are important factors that affect its utility relative to other testing regimes. For this reason, we conducted sensitivity analyses to analyze our simulation output under various combinations of sensitivity and specificity parameter values. Simulations were run for 30 replications each (see Appendix B.2).
We vary the sensitivity and specificity for each testing regime in the neighborhood of their default values. This allows us to check if, and to what extent, outcomes vary in the expected direction. It also allows us to understand the tradeoffs in costs and outcomes with respect to sensitivity and specificity. For example, one might imagine the introduction of a new POCT technology with better test characteristics but similar costs, which can significantly change POCT utility in a given clinical scenario if patient outcomes are greatly improved due to the better test characteristics. Figure 4 plots total lost productive hours, as sensitivity and specificity are varied, for different clinical scenarios and testing regimes. From Figure 4a , we find that the total number of lost productive hours per patient for all three testing regimes in the Rural scenario decrease as sensitivity and/or specificity increases for that scenario. Total lost productive hours under the POCT regime are much smaller than those under the other two testing regimes, even when POCT sensitivity and specificity values are much lower than those for the other two testing regimes (less than 0.80/0.80, for example). This is explained by the fact that in the Rural scenario, patient transportation and sample transportation times are much higher than the other two clinical scenarios. Figure 4b shows the total number of lost productive hours in all three testing regimes for the Community scenario. Because of shorter transportation times, the time difference between POCT and other testing regimes is smaller. If POCT's sensitivity and specificity are much lower than those of central lab testing (lower than 0.70/ 0.70, for example), central lab testing could gain an edge over POCT in this metric. Otherwise, POCT still has an advantage over the other two testing regimes in this scenario. Figure 4c shows the total number of lost productive hours in the Hospital-based scenario. Because transportation times for central lab testing and POCA are relatively small in this scenario (approximately 1 hour each), the total time spent for all three testing regimes is similar in overlapping sensitivity and specificity ranges. Because POCT usually has a lower sensitivity and specificity among all three testing regimes, POCA and central lab testing have a slight advantage over POCT in the Hospital-based scenario. As expected, for the same sensitivity and specificity levels, POCT always has an advantage over central lab testing and POCA in terms of lost productive hours.
Another revealing sensitivity analysis can be performed on the cost of tests. New, cheaper POCT technology may alter the calculus of when different testing regimes are most desirable. We frame this as an operational question: at what cost would a new POCT technology have to be for POCT to be preferable in all scenarios, Rural, Community, and Hospital-based? In order to explore this question concretely, we vary the cost of the POCT blood test administered to potential pneumonia patients from its default value of $323. At this default value, based on estimated total societal costs in Table 9 , section E, POCT is the most preferable among the three testing regimes in Rural and Community scenarios, but not in the Hospital-based scenario. We adjust the blood test cost, running 120 replications for each cost scenario, until the estimated total societal costs per patient under the POCT testing regime dip below those of POCA and central lab testing regimes. As shown in Figure 5 , somewhere between a cost of $280 and $260 per blood test, POCT becomes cheaper (from a societal perspective) than both the POCA and central lab regimes even in the Hospital-based scenario.
Discussion
Driven by changes in the health care system and advances in medical technology, the use of POCT is growing quickly in US health care. At present, however, understanding of where and when POCT can be optimally applied is not completely clear. There is a great opportunity to significantly improve health care delivery by analyzing the performance of different testing regimes in different clinical scenarios.
In this study, we used a simulation-based approach to model a primary care clinic workflow and explore three different clinical scenarios (Rural, Community, and Hospital-based) to evaluate POCT performance. Under default parameter values, derived from expert knowledge, we analyzed the performance of three different testing regimes in each of these three clinical scenarios along several dimensions. Our results show that POCT can reduce the average time in the clinical system for each condition and clinical scenario. However, the total number of lost productive hours per patient can be greatly affected by diagnostic quality, where POCT often has a disadvantage (and can vary greatly depending on the condition in question, as shown in Appendix A). When the total lost productive hours are used to estimate a total societal monetary cost in conjunction with direct per-test costs and treatment costs, these advantages are not obvious in the Hospital-based scenario. If costs of lost productive time are increased (e.g., in the case of higher salaried workers or essential service workers such as doctors or air traffic controllers), the advantages of POCT are greater in Rural scenarios, and POCT becomes a significantly worse choice than POCA or central lab testing in Hospital-based scenarios. Thus, costs of lost productivity per hour in the patient population may be an important consideration when evaluating testing regimes.
Our study has a few limitations. First, our evaluation only considers patients' time spent/lost and the costs of treatment and testing resources used, but neglects other potential outcome measures such as staff utilization or annual clinic revenue. Central lab testing may allow for economies of scale that could have advantages in these dimensions. Additionally, many simulation parameters, including sensitivity and specificity values, costs, and time spent in each clinical process are based on expert knowledge. These parameters and other aspects of clinic operation may vary significantly in different settings and with different patient populations. For example, estimated process times and patient demographic information would significantly benefit from further data collection, and integration of fitted distributions into the model could greatly improve its utility. Longer term modeling of patient health outcomes beyond short-term lost days of productivity could allow for deeper insights about testing tradeoffs and the consequences of false negatives and false positives (e.g., mortality risk as a result of untreated pneumonia). With this article, we have developed a simulation-based framework for evaluating tradeoffs of different testing regimes in different clinical scenarios. It is hoped that future work will expand the flexibility, scope, and accessibility of models of this type, such that decision makers in clinical situations can effectively evaluate and compare different testing regimes in their particular settings of interest.
